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3.	 Combining	 citizen	 and	 expert	 occurrence	 data	 improved	 model	 skill	 based	 on	
cross‐validation,	 spatially	 reproduced	 important	 aspects	 of	 rabbit	 ecology,	 and	
reduced	the	need	to	extrapolate	results	beyond	the	studied	areas.










capacity	of	SDMs	 to	capture	 important	elements	of	a	 species	ecological	niche,	
improving	the	capacity	of	statistical	models	to	accurately	predict	the	geographic	
range	of	invasive	species.
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1  | INTRODUC TION













els	 use	 inherent	 physiological	 and/or	 demographic	 characteristics	
to	 better	 capture	 the	 processes	 underpinning	 species	 distribu‐
tions	 (Fordham,	 Akçakaya,	 Araújo,	 Keith,	 &	 Brook,	 2013;	 Kearney	
&	 Porter,	 2004).	 Correlative‐based	 distribution	 models	 use	 a	 dif‐









the	 entire	 range	of	 environmental	 conditions	 suitable	 for	 the	per‐
sistence	of	 the	 species	 (Elith	et	 al.,	 2010).	Gathering	 these	data	 is	
challenging	 for	 invasive	 species	 since	 they	 (a)	 are	 often	 not	 in	 an	
equilibrium‐state	with	 their	host	environment	 (Sutherst	&	Bourne,	
2009);	 (b)	 can	 exhibit	 opportunistic	 behaviors	 allowing	 them	 to	
survive	and	reproduce	under	conditions	differing	from	their	native	
ranges	 (Mellin	et	 al.,	 2016);	 and	 (c)	 are	often	widely	distributed	 in	
their	 nonnative	 range	 making	 the	 data	 collection	 process	 time‐
consuming,	 costly,	 and	 logistically	 challenging	 (Hauser,	 Pople,	 &	
Possingham,	 2006).	 To	 overcome	 this	 difficulty,	 data	 collected	 by	








collecting	 data	 in	 opportunistic	 and	 subjective	 ways	 (e.g.,	 during	
recreational	activities	in	areas	easy	to	access	and	with	important	nat‐
ural	attractions;	Fourcade,	Engler,	Rödder,	&	Secondi,	2014).	These	
sampling	biases	can	both	 inflate	 the	 species'	presence	 in	 localized	
areas	and	cause	some	environmental	habitats	to	be	overlooked	(Crall	
et	al.,	2010;	Fitzpatrick,	Preisser,	Ellison,	&	Elkinton,	2009),	increas‐
ing	 the	 likelihood	 of	 type	 1	 errors	 from	models	 (Hanspach,	Kühn,	
Schweiger,	Pompe,	&	Klotz,	2011),	generating	misleading	predictions	
(Osborne	&	Leitão,	2009).
In	 this	 study,	we	 asked	whether	 citizen	 science	 data	 could	 be	
used	in	SDMs	to	generate	robust	predictions	of	the	distributions	of	
a	wide‐ranging	 invasive	 species:	 the	 European	 rabbit	 (Oryctolagus 
cuniculus)	 in	Australia.	 The	 species	was	 introduced	 into	 the	 coun‐
try	 in	 1788	 and	 is	 listed	 as	 a	 Key	 Threatening	 Process	 under	 the	
Environment	 Protection	 and	 Biodiversity	 Conservation	 Act	 since	
1999	due	to	competition	with	the	native	fauna	and	flora	and	over‐







by	citizens	 in	SDMs	(separately	or	 jointly	with	expert	data)	 to	pin‐
point	areas	of	high	environmental	suitability	for	rabbits	in	Australia;	
(b)	explored	potential	 issues	of	 spatial	biases	 in	citizen	and	expert	





information	 on	 environmental–occurrence	 relationships	 in	 regions	
not	surveyed	by	experts,	improving	the	fit	of	SDMs.
2  | MATERIAL S AND METHODS
2.1 | Occurrence records and environmental 
covariates




(c)	 the	Nature	Map	 from	Western	Australia	 (Department	 of	 Parks	
&	 Wildlife,	 2016),	 (d)	 the	 Fauna	 Atlas	 of	 the	 Northern	 Territory	
(Northern	 Territory	 Government,	 2016),	 (e)	 the	 NSW	 Office	 of	
Environment	Heritage	Atlas	of	Wildlife	(Department	of	Environment	
&	Heritage,	2016),	and	(f)	the	Atlas	of	Living	Australia	(Atlas	of	Living	
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tal	covariates	 (e.g.,	 climate,	vegetation,	and	soil)	 likely	 to	 influence	
the	 occurrence	 of	 rabbit	 in	 Australia	 (Supporting	 Information	 S1).	
Covariates	were	obtained	 in	 a	 grid	 format	 at	1‐km2	 grid	 cell	 reso‐
lution	for	Australia	and	were	projected	to	the	same	geographic	ref‐









ically	 relevant	 in	explaining	the	distribution	of	 rabbits	 in	Australia.	
This	resulted	in	seven	primary	covariates	being	used	in	the	analyses	
(Table	1).
2.2 | Spatial autocorrelation and pseudo‐absences
Because	we	only	had	access	 to	occurrence	 records,	we	generated	
pseudo‐absences	 to	 calibrate	 the	 SDMs	 using	 two	 strategies	 and	
compared	their	statistical	support.	These	strategies	were	as	follows:	
(a)	weighting	the	location	of	the	pseudo‐absences	according	to	the	
density	 of	 the	 occurrence	 data	 (Weighted Pts),	 and	 (b)	 generating	
pseudo‐absences	randomly	(Random Pts).








robustness	of	 the	 resulting	grids	was	 tested	using	Ripley's	 L‐func‐
tion	 (spatstat	package	 in	R;	Baddeley	et	al.,	2015),	which	assessed	
the	 spatial	 homogeneity	 of	 the	 data	 (i.e.,	 random,	 dispersed,	 or	
clustered)	in	comparison	with	what	would	be	expected	from	a	ran‐
dom	uniform	distribution.	The	results	from	this	analysis	(Supporting	
Information	 S2)	 showed	 that	 we	 could	 simulate	 a	 similar	 level	 of	
sampling	 densities	 in	 our	 pseudo‐absence	 data	 as	 that	 observed	
from	 each	 occurrence	 dataset.	 For	 comparison,	 pseudo‐absences	
were	also	generated	using	a	random	strategy	(i.e.,	without	account‐





F I G U R E  1  Distribution	of	Expert	(a),	Citizen	(b),	and	Combined	(c)	
rabbit	occurrences	(black	dots)	in	Australia





















2.3 | Model construction and evaluation
We	used	 three	 common	correlative	SDM	algorithms	 to	model	 the	
distribution	of	 rabbits	 in	Australia:	 (a)	general	 linear	models	 (GLM;	






cross‐validation	 to	 identify	 the	 optimal	 settings	 by	 systematically	
altering	the	different	combination	of	numbers	of	trees	(100–10,000	
at	a	100	interval),	learning	rates	(0.0001,	0.005,	0.001,	0.005,	0.01),	
and	 tree	 complexities	 (1–5).	Based	on	 the	difference	between	 the	
observed	and	predicted	values	of	those	combinations,	we	selected	
the	 setting	 returning	 the	 smallest	 deviance,	 number	 of	 trees,	 and	
tree	 complexity	 (Elith,	 Leathwick,	 &	 Hastle,	 2008).	We	 fitted	 the	
MaxEnt	models	(package	dismo	in	R;	Hijmans,	Phillips,	Leathwick,	&	
Elith,	2017)	using	all	six	data	transformation	features	available	within	
MaxEnt	 (i.e.,	 linear,	product,	quadratic,	hinge,	 threshold,	and	cate‐
gorical)	and	by	specifying	background	data	points	using	predefined	
pseudo‐absence	datasets.	The	regularization	coefficient	values	were	
maximized	 from	 a	 combination	 of	 values	 (0.2–5	 at	 a	 0.2	 interval)	
based	on	a	5‐fold	cross‐validation	process.
To	determine	 the	 “best”	model	 and	 to	 avoid	over‐parametri‐
zation,	we	 first	constructed	a	 set	of	candidate	models	based	on	
expert	 knowledge,	 representing	 different	 biological	 processes	




with	 only	 climatic	 and	 another	 with	 nonclimatic	 covariates	 and	
used	 multimodel	 inference	 to	 select	 the	 best	 models	 for	 each	
group.	We	ranked	the	models	using	the	Akaike's	information	cri‐
terion	 corrected	 for	 small	 sample	 size	 (AICc)	 and	 assessed	 their	
probability	relatively	to	the	entire	set	of	candidate	models	using	
the	AICc	weights	 (wAICc)	and	their	corresponding	percentage	of	




























TA B L E  1  Name,	description,	and	range	
of	value	of	selected	covariates	to	describe	
the	distribution	of	the	rabbits	in	Australia
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proach	 allowed	us	 to	 evaluate	 the	models'	 transferability	 across	
regions	 (Randin	 et	 al.,	 2006).	 For	 this	 analysis,	 we	 selected	 the	
physiographic	 regions	 of	 Australia,	 which	 are	 geomorphological	
units	 coherent	with	 the	 landform	 characteristics	 and	 the	 under‐
lying	 geology	 (Pain,	 Gregory,	 Wilson,	 &	 McKenzie,	 2011).	 They	
provide	 a	 basic	 differentiation	 of	 soil	 types	 and	 natural	 vegeta‐
tion,	which	 are	 important	 factors	 determining	 the	 availability	 of	
shelter	 and	 food	 resources	 for	 rabbits	 (Myers	 &	 Parker,	 1975).	
Successively,	 we	 used	 the	 occurrence	 data	 from	 each	 region	 as	
the	test	set,	while	calibrating	the	models	with	the	data	from	the	
remaining	regions	(i.e.,	training	set).
We	 used	 the	 area	 under	 the	 receiver	 operating	 characteris‐
tics	 curve	 (AUC)	 (Jiménez‐Valverde,	 Acevedo,	 Barbosa,	 Lobo,	 &	
Real,	2012),	and	the	Kappa	statistic	(Manel,	Williams,	&	Ormerod,	
2001),	 as	metrics	of	models'	performance.	To	extract	 the	Kappa	









S5).	We	weighted	 these	values	by	a	 standardized	estimate	 (scaled	
between	0	and	100)	of	the	importance	of	all	covariates	in	the	models	
and	took	the	average	result.








models,	we	 changed	 the	 values	of	 each	 covariate	 across	 its	 range	
values	obtained	from	the	training	occurrence	set	and	measured	the	
resulting	decrease	in	the	AUC	value	(Hijmans	et	al.,	2017).
2.4 | Mapping probability of occurrence
To	map	the	probability	of	rabbit	occurrence	in	geographic	space,	we	
used	an	ensemble	modeling	approach.	This	is	because	evidence	from	














3.1 | Model parameters and pseudo‐absences 
generation
The	 global	model	 (i.e.,	with	 all	 environmental	 covariates	 based	on	
a	 subset	of	 good	performing	 climatic	 and	nonclimatic	models;	 see	
Methods)	 had	 the	 greatest	 AICc	 support	 (wAICc	 >	 0.79,	 Mean	









ΔKappa	 =	 0.045;	 Figure	 2;	 Supporting	 Information	 S6).	 Likewise,	
based	on	out‐of‐region	model	validation,	there	was	more	support	for	
the	Random Pts	method.	Models	with	randomly	generated	pseudo‐












erated	pseudo‐absences	 (i.e., Random Pts),	we	focused	only	on	the	
results	 from	these	models	 in	 the	 following	sections.	The	Weighted 
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Pts	 results	 can	be	 found,	 for	 comparative	purposes	 in	 the	 supple‐
mentary	material	(Supporting	Information	S6).











The	 out‐of‐region	 analyses	 showed	 that	 models	 built	 with	 the	
Citizen	 occurrence	 data	 had	 more	 regions	 consistently	 with	 higher	
Kappa	 and	 AUC	 scores	 (Figure	 3;	 Supporting	 Information	 S6).	
















The	 response	 curves	 from	 models	 trained	 using	 Expert or 
Combined	data	had	similar	ranks	based	on	expert	knowledge	(from	
31.01	 to	40.34	and	28.97	 to	39.37,	 respectively),	whereas	models	











Models	 calibrated	with	Expert	 data	 assigned	a	 stronger	 impor‐
tance	 to	 the	 covariate	 TWarmestMonth	 and	 lower	 importance	 to	
the	covariate	DistPermWater	than	models	using	Citizen or Combined 
data	 (Figure	 4).	 Conversely,	models	with	Citizen	 data	 gave	 greater	
importance	to	the	covariate	DistAgriLand	and	 less	to	the	covariate	
PWetQuarter	then	models	with	Expert or Combined	data.
3.4 | Probability of occurrence across Australia
Our	ensemble	model	(with	combined	occurrence	data	with	Random	
Pts	 pseudo‐absence	 strategy;	 Supporting	 Information	 S8)	 showed	
that	 regions	 of	 Australia	 south	 of	 the	 32nd	 parallel	 are	 suit‐







in	 close	 distance	 to	 permanent	 water	 (<~0.4	 km)	 and	 with	 sandy	
loam	soil	substrate	(20%–50%).
4  | DISCUSSION
4.1 | Including citizen data in SDMs
The	use	of	citizen	data	in	SDMs	is	often	criticized	due	to	uncertain‐
ties	associated	with	underlying	sampling	processes	 (Mair	&	Ruete,	













surface),	providing	 (a)	new	and	 important	 information	on	the	envi‐
ronmental	 conditions	associated	with	 the	occurrence	of	 rabbits	 in	
Australia;	and	(b)	improved	model	predictions	based	on	cross‐valida‐
tion	and	out‐of‐region	validation.
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The	 results	 obtained	 from	 the	 out‐of‐region	 transferability	
analyses	 showed	 distinct	 geographic	 differences	 in	 transferabil‐
ity	 between	 the	 data	 sets	 used	 to	 calibrate	 the	 model.	 Models	














better	 performance	 scores	 with	 models	 using	 Expert	 data	 where	
more	Expert	data	were	collated,	and	vice‐versa	for	the	Citizen	data.	












of	 a	 greater	number	of	 validation	points.	Using	 a	 fixed	number	of	
independent	 occurrences	 for	 every	 region	would	 have	 provided	 a	
better	evaluation	dataset	 for	 the	comparative	analysis,	but	we	did	
not	have	such	a	dataset.
4.2 | Accounting for sampling bias in SDM training





















4.3 | Rabbit biogeography in Australia
Our	ensemble	model	projects	 that	 the	environmental	 conditions	
suitable	 for	 rabbit	 persistence	 covers	 more	 than	 two	 third	 of	










     |  11061ROY‐DUFRESNE Et al.
the	country,	with	 the	highest	 levels	of	probability	of	occurrence	
being	 in	 the	 southern	 regions	 of	 Australia	 below	 the	 Tropic	 of	
Capricorn	 (23rd	 parallel	 south)	 except	 for	 areas	 such	 as	 north‐







Mean	 temperature	 of	 the	 warmest	 month	 (TWarmestMonth)	
and	mean	 annual	minimum	 temperature	 (TMin)	 had	 the	 greatest	
influence	 on	 probability	 of	 occurrence,	 regardless	 of	 the	 data	
set	used	to	calibrate	the	model.	 In	southern	regions	of	Australia,	
where TWarmestMonth	 is	<25°C,	 the	highest	probabilities	of	oc‐
currence	(i.e.,	>0.85)	were	observed,	while	the	reverse	trend	was	
obtained	 for	 the	 arid	 northern	 regions	 of	Western	 Australia	 in‐









are	more	 likely	 to	 be	observed	near	 landscape	 structures	which	
could	provide	adequate	food	resources	and	sheltered	protection	
against	the	heat	(Figure	5).	Although	rabbits	primarily	rely	on	the	
water	 content	 of	 the	 plants	 they	 consume	 (Berman,	 Brennan,	
&	 Elsworth,	 2011;	 Cooke,	 1982),	 rabbits	 do	 drink	 during	 severe	
drought.	 Furthermore,	 permanent	water	may	 also	 be	 associated	
with	surrounding	vegetation	with	higher	water	content	and	there‐
fore	 aid	 survival	 during	 droughts	 (e.g.,	 distance	 to	 permanent	
water	<~0.4	km).	Generally,	the	probability	of	occurrence	of	rab‐




Although	 the	 ensemble	 model	 overestimated	 the	 known	 cur‐
rent	distribution	of	the	rabbit	 in	some	regions	of	Australia,	such	as	
the	north	of	the	Northern	Territory	(e.g.,	Tanami	desert	and	Barkly	
Tablelands)	 and	 some	 regions	 in	 South	Australia	 (e.g.,	 the	Victoria	
Desert	 region	and	Pinkawillinie	National	Park),	 these	same	regions	
are	characterized	with	occasional	and	widespread	sightings	of	rab‐
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